We adopt a three-component method based on the idea of cost-saving for estimating the monetary benefits of Medicare eligibility for reducing dementia symptoms. The method involves Medicare eligibility lowering dementia symptoms, which reduces the need for dependent living, which in turn lowers caregiving costs. We use the Regression Discontinuity approach to establish a causal link between Medicare eligibility and dementia. The novel aspect of the study comes from using a quality-of-life proxy measure for the utility function to derive the marginal rate of substitution between dementia symptoms reduction and dependent living arrangements.
I. Introduction
Dementia is a term used to describe various symptoms of cognitive decline, involving memory, language and thinking that are severe enough to affect daily activities. It is caused by progressive brain cell death that happens over a course of time and by other factors such as a head injury, a stroke or a brain tumour. In 2015, worldwide, there were 897 million people aged 60 and over and 5.2% of these had dementia; and in North America, there were 147 million people over the age of 60, and 6.4% of these had dementia. Global costs of dementia were US $818 billion in 2015, up by 34% from 2010, in terms of mortality, loss of quality of life (QoL) and the need for informal and formal caregiving services (World Alzheimer Report 2015) .
Given the prevalence and costs of this disease, and because of the worldwide ageing of the population making it likely that the prevalence of dementia will increase exponentially over time, it is important that interventions for dementia be identified and evaluated using costbenefit analysis (CBA) to assess whether they are socially worthwhile. At this time, there is no cure for dementia, in which case the main options are to delay its onset or mitigate the symptoms. Early detection is key in this process as it can allow pharmacological treatments and caregiver interventions to take place that slow down the entry into costly nursing homes. Using a quality-adjusted value of a statistical life to measure benefits, and comparing this with drug costs, caregiver costs and nursing home costs, Weimer and Sager (2009) found that the mean net-benefits of early detection with drug treatment and caregiver support was $94,000 over the lifetime of those affected by Alzheimer's disease (AD), the main form of dementia. 1 In this CBA, the effectiveness of early prevention was assumed rather than estimated directly using data.
There are CBAs that can show cost savings accruing when caregiving support and drug treatment are altered by a dementia intervention, such as the New York Caregiver Support Intervention (Long, Moriarty, and Mittelman et al. 2014) . But, very few CBAs exist that can show that an intervention actually lowers dementia symptoms and is therefore worthwhile as treatment, as opposed to just prevention by early detection or by adding caregiver support. This is not surprising given that there is no current cure at this time in terms of affecting brain pathology. However, treatment is still a possibility if dementia symptoms can be observed to be lowered by some intervention. An example is the CBA carried out on years of education by Brent (2017) -hereafter referred to as 'the education dementia CBA'. The education dementia CBA estimated how the symptoms of dementia were reduced for each year of schooling that a person had experienced and valued this reduction by the dependent living cost savings that were generated.
The education dementia CBA was an exception because it was built on an extensive literature that reported that education was one of the few causal ways that dementia has been shown to be reduced (World Alzheimer Report 2014). The challenge is to identify and quantify the benefits of other interventions that can be shown to have a causal impact on dementia symptoms. In this regard, a recent set of studies by Maestas (2008, 2009 ) is important as it used a Regression Discontinuity (RD) approach to estimate the causal impact of Medicare for improving healthcare outcomes. This research revealed that accessing Medicare health insurance both increased healthcare utilization and saved lives via more visits to emergency departments for non-deferrable conditions. The 7-day mortality reduction was about 0.8-1.0 percentage points. They conjecture that Medicare might affect other dimensions of health than emergency visits and that these effects may persist over a longer period of time than the 9 months that they observed. This opens up the question whether something as widespread as dementia might also be something that Medicare eligibility can mitigate.
Using the RD for Medicare eligibility is very straightforward, as one does not have to determine the best time interval to use for the design. The cut-off is precise; it is a 'hard' cutoff level. One first becomes eligible for Medicare at 65 years of age. We use a varying slopes RD version, which shows how dementia is affected by age before and after the 65 years cutoff for Medicare eligibility. The downward difference (discontinuity) between the slopes the year before and the year after at the 65 year cut-off records any causal shift that Medicare eligibility has on dementia symptoms. 2 The Card et al. studies used a few days before and after 65 years as their cut-off. This made sense for their intervention, which was access to an emergency room that could immediately save a person's life. On the other hand, using a few days makes little sense for our intervention which is reducing dementia symptoms by having greater access to medical services. Allowing a year from turning 65 years makes more sense as this gives sufficient time for dementia changes to occur and be monitored.
We then see if there are any monetary benefits that are forthcoming from reducing dementia symptoms in this way. To do this monetarization part, we will use, and adapt, the three component cost-savings benefits method that was first used for the education dementia CBA. 3 The adaption involves using a QoL measure to estimate the extent to which any dementia symptoms reduction leads to changes in dependent living which generates the cost savings. We will directly estimate the effectiveness of Medicare eligibility for reducing dementia symptoms, and the consequential changes in dependent living arrangements, using a national data set on dementia. The main findings are that Medicare eligibility does causally reduce dementia symptoms and that this reduction can be valued at around $9337 per person at the year of eligibility and at $1350 per person 7 years after the age of 65 years.
The main value added of this article is that it builds upon the education dementia paper by including education and the associated controls that established causality for this variable as independent variables to allow for Medicare eligibility to be fully tested. Education has a strong impact on dementia symptoms and it is important to detect the impact of Medicare eligibility on dementia symptoms reduction separate from education and any hereditary factors that influence dementia. A second important contribution is that we take the threestep method for estimating cost-savings used in the education dementia CBA and adapt it in order to allow for the preferences of those with dementia to impact the evaluation of the benefits of Medicare eligibility. We do this by estimating the utility function of those with dementia as proxied by a QoL measure. The end result is that we (a) provide a comprehensive test of whether Medicare eligibility has a causal impact on dementia symptoms reduction; (b) generate an estimate of the monetary benefits that the dementia symptoms reduction from Medicare eligibility achieves; (c) supply some understanding of how these monetary benefits from Medicare eligibility might take place; and (d) carry out a preliminary CBA of Medicare as a dementia intervention.
The remainder of the article is structured as follows. Section II gives the background to the analysis, in terms of the data source and the measures of dementia symptoms and QoL that we will be using. The background to Medicare eligibility and health insurance is provided in the two Card et al. papers cited earlier. We draw upon some of this material in our closing section. Section III presents the method for estimating the benefits of Medicare eligibility that is the unifying construct for this study. The estimation framework is in Section IV and this is followed by the data summary (Section V) and the results (Section VI). Section VII gives the summary and conclusions.
II. Background
The data source
The data we will be using to estimate the benefits of Medicare eligibility for reducing dementia symptoms comes from the National Alzheimer's Coordinating Center (NACC). NACC has constructed a data set on dementia, called the Uniform Data Set (UDS), which has been fully operational since 2005. These data consist of demographic, clinical, diagnostic and neuropsychological information on participants with normal cognition, mild cognitive impairment and dementia at 32 US Alzheimer's Disease Centers (ADCs). Steps were undertaken to standardize the data across ADCs. The data were collected by trained clinicians using structured interviews and objective test measures. This data set is fully explained elsewhere (Morris, Weintraub, and Chui 2006; Beekly, Ramos, and Lee et al. 2007; Weintraub, Salmon, and Mercaldo et al. 2009 ). This data set has been used by a number of researchers to analyse the progression of dementia, such as by Besser, Gill, and Monsell et al. (2014) for body mass index and weight change, and by Burke, Maramaldi, and Cadet et al. (2016) for depression, sleep disturbance and apolipoprotein E (APOE).
Although the UDS is the largest of its kind in the US, it covers over 33,000 participants and includes many administrative, demographic and behavioural variables as of September 2015, it is nonetheless not nationally representative, seeing that participants voluntarily present at one of the ADCs for an examination and they have to provide informed consent. Some were referred by a relative or friend, some by a clinician, some by ADC solicitation and the others by non-ADC media appeals or unknown sources. This study uses the initial visit data for 17,239 participants collected between September 2005 and May 2015. This data set was also used for the education dementia CBA
The measure of dementia
Brain pathology (such as amyloid plaques on the outside of the neurons or fibres on the inside of brain cells for AD, or lesions for vascular dementia) likely occurs many years before the onset of clinical dementia. This means that brain pathology is not a sufficient condition for a diagnosis of dementia. It may also not be a necessary condition as one can have cognitive impairment without the brain pathology. For this reason, it is important to employ a measure of dementia that focuses on cognitive functioning rather than pathology. The instrument that we will be using to measure dementia is the Clinical Dementia Rating (CDR) scale. The CDR is a well-accepted measure of dementia severity used globally, based primarily on a neurological exam and informant reporting and this was administered to each NACC participant at each visit by a clinician. There are six domains in the CDR: memory, orientation, judgement and problem solving, community affairs, home and hobbies, and personal care. Each domain is assessed using a 0-3 interval. The CDR-SB (the CDR sum of boxes) is the aggregate score across all six domains and this has a range of 0-18. This measure was also used in the education dementia CBA.
The measure of QoL
The QoL measure that is in the NACC data set that we will be using as a negative proxy for utility is the Geriatric Depression Scale (GDS), short form. This measure has 15 ingredients and we take the sum of the ingredients. Any QoL measure for older adults with dementia faces numerous challenges (see Logson, Gibbons. and McCurry et al. 2002) . People with dementia have varying deficits of memory, attention, judgement, insight and communication that could limit the ability to respond to questions about own subjective states. Depression, agitation or psychosis may affect QoL ratings; and what determines QoL at the early stages of dementia (such as the preservation of intellectual capacity) may be different from the determinants at later stages (such as safety and comfort).
Nonetheless, because it is essential that one learn which interventions make the greatest difference to a person's life, some QoL measure is required. Using caregivers' ratings as substitute judgements for patient preferences does not usually work because these proxy preferences differ from those of the patients and there are gender differences in the proxy ratings. So surrogate preferences are not often reliable (Schiffczyk, Jonas, and Lahmeyer et al. 2011) , especially as the caregivers tend to project their QoL onto their ratings of patient QoL (Arons, Krabbe, and Scholzel-Dorenbos et al. 2013 ). In our data set, we were able to avoid the caregiver proxy problem because there is a clinician interviewing the patient who decides whether the person is, or is not, able to complete the GDS rating. Irrespective of the severity of dementia, it was found that around 95% (of the 97% of the persons whose competence was assessed by the clinicians) were capable of completing the GDS in our data set. 4 Although the GDS was originally conceived to be a measure of psychological status, it has become accepted to be a valid measure of QoL among the elderly with and without cognitive impairment. For example, Vagetti, Barbosa Filho, and Moreira et al. (2014) , when reviewing the literature concerning whether physical activity improves the QoL of the elderly, use the GDS as one of the 'measurement instruments most commonly used' to record the QoL. That the GDS is an appropriate measure of QoL can be seen directly from two of its constituent ingredients which ask whether patients are basically 'satisfied with their life' (GDS1) and whether they 'feel happy most of the time' (GDS7). Often these happiness and satisfaction measures are the sole ingredient of a QoL index (Graham 2010) .
III. The method for estimating the benefits of medicare
We will be basically using the three-step method for valuing the cost-saving Medicare benefits from reducing dementia that was used in the education dementia CBA to valuing the dementia benefits of years of education. An intervention first reduces measured dementia symptoms; the dementia symptoms reduction then increases a person's capacity for independent living, which in turn lowers the costs of caregiving. Let M stand for being eligible for Medicare, D for measured dementia symptoms, Li the type of independent living and C the caregiving costs. The three-step method involves applying the chain rule: is the change in dementia symptoms from being eligible for Medicare.
In the analysis that is to follow, there will be four levels of living independence Li (i = 1,2,3, 4). L1 is when the person is living independently and does not need any caregiving and therefore care-giving costs are zero. There are three levels of non-independent living. L2 is where the person needs some assistance and L3 is where the person needs a lot of assistance. Persons in L4 are completely dependent on caregivers. When Medicare reduces dementia symptoms, it results in people transitioning from levels L2, L3 and L4 to L1 and thereby saving the caregiving costs associated with non-independent living. The cost savings for L4 persons is the greatest and the cost-savings is the least for L2 persons.
With costs C = C(Li), we have three dependent living cost changes to consider:
The cost savings from reducing dementia symptoms from each of the three dependent living levels are then given by (i = 2,3,4):
To determine the cost savings from reducing dementia symptoms, in addition to knowing the unit cost declines for each of the independent living levels as set out by Eq. (2), we need to know the extent to which reducing dementia symptoms impacts the independent living levels ∂Li/∂D. In the education study, this effect was estimated from a production function directly linking D to the Li. We will follow this approach in the sensitivity analysis.
But, as an alternative to using the production function, and as part of the main method in this article, we now propose using the utility function relating D to the Li. The utility function can be represented by U = U(Li, D), from which we get, using the implicit function theorem:
Thus, the effect of D on the Li will be obtained as the marginal rate of substitution (MRS) between D and the Li in the utility function.
To summarize: the cost-saving benefits of Medicare reducing dementia symptoms will be obtained as the product of three components as set out by Eq. (1). The first two components constitute the cost savings from reducing dementia symptoms as defined by Eq. (3), which depend on Eq. (2) and Eq. (4). The final component is to be determined by the effectiveness of Medicare eligibility in reducing dementia symptoms.
IV. Estimation framework
We will use data to estimate the second and third components of the benefits method and rely on estimates in the literature for the first component involving the living costs laid out in Eq. (2). For the second component involving the MRS in Eq. (4), we need a specification of the utility function U = U(Li, D). We take a linear approximation as our regression equation of the form 5 :
where the αs are fixed coefficients and ε is the random error term. Li is a categorical variable and this is represented by the three dummy variables L2, L3 and L4. Independent living L1 is excluded from the regression and is the reference category. L1 is the reference category because people are transitioning to this level of independent living from the other three types of non-independent living.
Apart from the dementia variable D and the independent living variables Li, we include a vector of Z variables as controls. These mainly comprise the set of variables that the literature have found significant in explaining the extent of dementia, including lifestyle, demographic and hereditary variables. Note that, in the regression equation, Medicare M is also one of the controls. Its role is, as with all the other controls, just included to ensure that the coefficients on D and the three L levels are estimated efficiently. From Eq. (5), we derive the second component:
5 When a logarithm specification for D was used, it was found to be statistically insignificant. 
The third component involves estimating the effectiveness of Medicare in reducing dementia symptoms. To explain D for the purposes of this article, the role of Medicare is pivotal.
Unlike Eq. (5), which is simply a descriptive representative of the utility function, to estimate the effect of M on D we need to use a causal model and employ an identification strategy.
As we explain below, our identification strategy will involve using the RD approach. To implement the RD: we set the treatment variable to be M = 1 whenever the person is aged 65 or over, we use (Age -65) as the assignment variable and include the interaction (Age -65) × M to allow for the slope of the assignment variable to vary before and after the age of 65
years. The RD equation with the non-Medicare Z controls added is
where the βs are fixed coefficients and υ is now the random error term. In this model, the slope of the assignment variable for clients to the left of the cut-off of 65 (where M = 0) is β 2 and the slope for clients to the right of the threshold (for which M = 1) is β 2 + β 3.
From estimating this equation, we obtain the third component:
If Medicare eligibility is to decrease dementia, we would expect that in Eq. (8) we have β 1 < 0. The role of the interaction term is to allow for the possibility that the impact of Medicare on dementia would likely decline as the client gets older, as the prevalence of dementia generally increases the older a person gets past 65 years, and there is only a fixed amount that receiving Medicare can do to reduce dementia. The expectation then is that β 3 > 0. This means that the more a client exceeds the Medicare eligibility age, the more there will be an offset to the main, negative, β 1 effect that Medicare has on dementia.
Since we are trying to test whether Medicate eligibility is causally responsible for dementia symptoms reductions in Eq. (7), we are not going to include any behavioural variables in our list of Z variables that we included in Eq. (5) (though we are going to include education as that was separately shown to be exogenous in the education dementia study). The literature has shown that lifestyle variables (such as alcohol, smoking, blood pressure and obesity) are associated with dementia symptoms. But, these associations may be due to reverse causation and thus not helpful for our current purpose. For Eq. (7) then we will focus just on demographic and hereditary variables that are by design exogenous.
V. The description of all the variables used in the study and the data summary
All the variables used in the two estimation equations are listed in Table 1 together with their definitions. The definitions come from NACC's 'Description of NACC-Derived Variables to be Used in Data Analysis' and NACC's UDS 'Coding Guidebook for Initial Visit Packet'. The data set used in this study included only information on the initial visit, so each observation is for a separate individual. When there were no missing data, there were 17,341 observations. Table 2 gives the data summary in terms of the number of observations, mean values, SDs, and minimum and maximum values. We can see that the average age was 72 years and over three-quarters of the sample were eligible for Medicare. The typical severity of dementia symptoms was mild with the average CDR-SB score of 3.1 when the score for the worst cases was 18. Most of the people in the sample were married and female. The average number of years of education was high at 15 years. Two-thirds of the people in the sample were living independently.
The QoL as measured by the GDS total score was effectively good for most persons, averaging 1.81 when the most severe cases would have a score of 15. The 15 individual components of the total GDS are also displayed in Table 2 . The GDS score for energy had the highest score (in this case, meaning a lack of energy, with an average for GDS13 of 0.28) and the GDS score was lowest for feeling hopeless (with an average for GDS 14 of 0.07).
VI. Estimation results
Estimates for the three components represented in Eq.
(1) will be presented separately and then they will be multiplied together to obtain the benefits of Medicare eligibility.
Component 1: the effect of changes in independent living levels on costs
When dementia symptoms reductions increased independent living L 1 , the three more costly forms of dependent living L 2 , L 3 and L 4 went down. The unit costs estimates for the three dependent living levels set out in Eq. (2) that we shall be using come from the education dementia CBA derived from Hurd, Martorell, and Delavande et al. (2013 When dependent living involves assistance only when activities are complex, the support costs are about half as much as when a person requires support with simple tasks or is completely dependent.
Component 2: the effect of changes in dementia on independent living
GDS, as the dependent variable in the utility function specified by Eq. (5), takes the form of a discrete count variable. To use the Poisson model, the mean and variance must be the same. In our data, the mean for GDS was 1.81 and the variance was 5.48. To accommodate this over dispersion, the Negative Binomial (Neg Bin) distribution can be adopted. The result of using the Neg Bin to estimate equation (5) is displayed as the first column of Table 3 . The alpha value for this regression was estimated to be 0.9470 and significantly different from zero, which is the value that the Poisson Distribution is constrained to be. The Neg Bin model was therefore found to be more appropriate than the Poisson distribution for our data.
As expected, dementia is positively related to GDS and therefor negatively related to utility. All three dependent living variables were statistically significant determinants of utility (at least at the 5% level) as negatively proxied by the GDS. Somewhat surprisingly, living completely dependent on others, L4, had the lowest effect on the GDS and hence the lowest negative impact on utility. The negative impact of L2 on utility was the highest with L3's impact being in between. Being married and affected by alcohol raised utility; while having a high heart rate and smoking for more years lowered utility. Being eligible for Medicare raised utility even though becoming older than 65 reduced a person's utility.
It is the MRSs for the three dependent living levels that determine the second component of the benefits formula corresponding to Eq. (6) and they are shown at the bottom of Table 3 . These results reveal that the impact of dementia symptoms was the greatest on L4 and lowest for L2. Although all four coefficients that make up the estimates in Eq. (10) were individually highly significant, it is the significance of the ratios that is important for estimating component 2. Using a non-linear Wald, chi-square test, that the null for the ratios of the two regression coefficients were zero, we could reject the null at 1% for the MRS estimates for L2 and L3, but only at the 10% level for L4.
To see what difference it makes to the results if individual components of the GDS were used as the dependent variable instead of the total GDS score, Table 3 also reports Probit estimates for the three GDS ingredients that produced statistically significant alternative results for the α coefficients. GDS2 ('choosing to give up activities') and GDS12 ('feeling pretty worthless') produced lower MRS estimates and GDS15 ('thinking that others are better off') gave higher MRS estimates than for the total GDS score. How these alternative GDS estimates altered the total benefit amounts is analysed in the 'Sensitivity analysis' section.
Component 3: estimating the effect of medicare on dementia
Although our measure of dementia symptoms CDR-SB, the dependent variable in Eq. (7), appears to be a discrete count variable, and potentially amenable for estimation by using Poisson regression, this was not the case because CDR-SB is scored 0.5 whenever five of the six categories (boxes) were considered 'questionable' for a client. Many of the observations had CDR-SB scores ending with 0.5. Simple OLS was therefore the estimation technique adopted and Table 4 shows the RD results.
The results that we will be using as our main estimates for the third component come from the varying slopes RD regression equation. However, for reference, we also include in Table  4 the regression estimates for the basic model where that is no interaction term.
Substituting the coefficients from the varying slopes RD regression model into Eq. (8), we obtain
As expected, β 1 is negative and β 3 is positive. The impact of Medicare eligibility on dementia starts off at −0.9182 and becomes less negative by 0.1079 for every year the client is over 65 years. Thus, the initial effect of Medicare at the year of eligibility is to reduce dementia symptoms by 0.9182 and this tails off to a 0.1327 reduction at age 72.27, which is the average age of clients in our sample.
This estimate of the third component comes from a regression equation which explains about 20% of the variation in dementia, which is quite high for a cross-sectional study with a large number of observations and a dependent variable that varies widely from individual to individual. The statistically significant controls other than years of education (in log form) and gender (being male) were the set of hereditary variables, that is, whether one had one or two copies of APOE (the e4 allele from one or both of the parents), whether one had a sibling with dementia, and one's height.
If we had not used the varying slopes RD design, there would have only have been the initial dementia symptoms reduction effect given by β 1 . As we see from Table 4 , the initial Medicare eligibility effect without the interaction term would have been −1.3173. This is slightly higher than our varying slopes estimate which was −0.9182. However, it still indicates around a 1-point reduction in dementia symptoms. The explanatory powers of the basic RD design at 19% was almost as high as for the varying slopes design. But the basic RD model imposes the restriction that the slope of the assignment variable with respect to dementia symptoms before the cut-off point is the same as after the cut-off point, which Figure 1 shows is not the case. Figure 1 maps the assignment variable against the dementia rating. Being eligible for Medicare lowers dementia symptoms by almost one point. This figure also confirms visually the fact that the slope of the assignment variable after the age 65 cut-off is much greater than before the cut-off age. From Table 4 we see that the slope for the assignment variable before 65 years, β 2 , was only 0.0378; while the slope for the assignment variable after 65 years was almost four times greater at 0.1457 (the sum of β 2 and β 3 ). Figure 1 thus confirms our earlier intuition that the varying slopes RD model is the more appropriate one as it allows the initial Medicare eligibility effect to decline over time, which is what the results in Eq. (11) imply.
Testing the assumptions of the RD model
For the RD to be truly a causal model for Medicare on dementia symptoms, it is important that the assignment variable not behave peculiarly at the cut-off point. If clients have any control of the cut-off point, there is scope for clients to 'game' the system. In which case Medicare eligibility would not be the reason for the jump at the cut-off age. In our case, there is no (legal) way that clients can manipulate getting over the threshold. But, it is still logically possible that in our sample more people just over 65 happen to appear in our data set as they are more vulnerable to being affected by dementia. To check for this remote possibility, we present a histogram in Figure 2 that shows the relative frequency of the assignment variable by age. It is apparent that there is no clustering with a bump at the cutoff age of 65. No gaming actually occurred.
The other main concern with RD models is that other variables than Medicare jump at the cut-off age. If so, then Medicare may not be causal for the threshold jump to dementia and these other variables could be. The diagnostic test for this concern involves regressing any control variable Z on the variables in the RD model to see whether the coefficient on M is statistically significant or not. For the varying slopes RD model, the test regression is
where Z is the set of non-Medicare controls and δ 1 is the coefficient of interest. If δ 1 is statistically significant then the Z variable jumps at the discontinuity and not just Medicare.
Given that education was the only control variable that was behavioural (all the others were hereditary), we will concentrate just on the test for this variable as this is the only control variable that could jump at 65 years. 6 The estimate for δ 1 with log education as the dependent variable was −0.0067 with a t-statistics of 0.58. This coefficient had a p-value of 0.569 and so was not remotely significant.
6 Note, as explained by Card et al. to justify their use of the RD methodology, more retirement in the US takes place early (at 62 years) then at the full benefit age for Social Security that was 65 years. So the effect of Medicare eligibility at 65 years is not masked by retirement at 65 years (which is a variable that we could not control for in our study). In any case, retirement is less likely to be a consideration for an at-risk dementia population who probably would not be working.
The total benefits estimate
The three-component benefit method was set out in Eq. (2) and the estimates of the components were given in Eq. (9)- (11). Table 5 reproduces the estimates for the three components for each of the dependent living levels and multiplies them together to form the benefits for each level. The total benefits are the sum of the three benefit components. Table  5 gives the results for two time periods according to two different estimates for component 3. The first time period is when Medicare eligibility is first initiated at year 65, where the value for component 3 is given just by the coefficient β 1 equal to −0.9182. The second time period is 7.28 years after first initiation, when the client is around 72 years of age. Multiplying coefficient β 1 by 7.28 produces the 0.1327 figure that we explained earlier in connection with Eq. (11).
Note that for simplicity of interpretation, component 3 is recorded in Table 5 as a positive amount. That is because we are using cost reductions to measure benefits. The cost figures in component 1 are being reduced, to the extent indicated by component 2, because dementia symptoms are being lowered by Medicare eligibility, given by component 3. The simplification then is that costs changes are negative and the dementia symptoms changes are also negative producing a positive sum when multiplied together.
The total benefits were $9338 per Medicare eligible person at age 65 years, which fall to $1350 when the client is aged 72.28. Over half of these total amounts comes from the completely dependent living category L4, which is the costliest and therefore provides the greatest cost savings. L4 is also the category of dependent living that is most affected by dementia symptoms being reduced.
Sensitivity analysis
Given that the main methodological contribution of the article involves using the utility function to estimate component 2, the sensitivity analysis will focus on alternative estimates to those in Table 5 stemming from the way dementia impacts independent living levels ∂Li ∂D .
The best estimate for component 2 came from the Negative Binomial regression for Eq. (5) in Table 3 using GDS as the proxy for U. The first set of alternative results entail using the individual ingredients of the GDS rather that the summary measure. As we can see from Table 3 , there were three GDS ingredients that produced statistically significant alternative estimates for the α coefficients and these were GDS2, GDS12 and GDS15. 7 The alternative benefit estimates using these three ingredients' results for component 2 are displayed in the first three sections of Table 6 . For ease of comparison, we report the alternative results to those in Table 5 just for the Medicare benefits at the year of eligibility.
Instead of the best estimates 0.1033, 0.1200 and 0.1920 for changes in D on L2, L3 and L4, respectively, the ratios for GDS2 and GDS12 were lower, and they were higher for GDS 15
7 Although using GDS1 and GDS7 as GDS alternatives would have been preferable on 'a priori' grounds, as explained in the 'The measure of quality of life' section, they did not in fact produce statistically significant estimates for component 2. So they could not be included as alternative specifications of the total GDS for the purposes of the sensitivity analysis. But, note that the correlation between GDS12 ('feeling pretty worthless') and the total GDS (being 0.5864) was almost as high as GDS1 and GD7 (0.5950 and 0.5993), so GDS12 was nonetheless a good proxy for GDS total.
(see the bottom section of Table 3 ). The best estimate of the total benefits in our main results was $9338. This estimate was not consistently higher or lower than the alternative benefit estimates which were $7258, $3458 and $10,109. So the orders of magnitude for the three alternatives shown in Table 6 were very roughly the same as for the best estimate in Table 5 (except for GDS12 which was much lower).
The fourth and final alternative was to not use the utility function at all, but to substitute estimates coming from the production function which involves regressing D directly on the Li. This was the method carried out in the education dementia study. The three estimates coming from Table 4 of the education dementia study were much lower than for the best estimates in this study which were 0.0278 (instead of 0.1033), 0.0199 (instead of 0.1200) and 0.0064 (instead of 0.1920). Consequently, the total benefits using the production function were $1012, considerably lower than the $9338 best estimate. It seems that mechanically seeing how independent living levels are altered by reductions in dementia symptoms undervalues the benefits, as it ignores people's preferences that entail the satisfaction from Medicare that makes them more willing to sacrifice independent living to achieve a reduction in dementia symptoms.
VII. Discussion
This study is a companion piece to the education dementia CBA that was one of the first to estimate the benefits for an intervention that (a) causally impacted dementia and (b) did so in a way that acted as treatment (mitigating the symptoms) rather than prevention (delaying the costs of the disease). Here we identified Medicare eligibility as another causal intervention for dementia symptoms and again estimated the monetary benefits of the intervention.
The method we used to monetize the benefits was the same as for the education dementia CBA which involved estimating three components: the extent to which an intervention lowered dementia as measured; the extent to which lowering dementia symptoms promotes more independent living; and the extent to which promoting independent living leads to caregiving cost savings. The methodological contribution of this study is that we estimated the second component by using a patient's utility function and finding the MRS between dementia symptoms and dependent living in this utility function. In this way, any cost savings that came from changes in dependent living reflected the preferences of the patients, rather than being a mechanical production function effect that has changed living conditions as an output corresponding to reductions in dementia symptoms as an input. For the third component, we borrowed the RD identification strategy employed by Card et al. (2008 Card et al. ( , 2009 to estimate the health effects of having Medicare eligibility; and for the first component, we adopted dependent living costs coming from the dementia literature.
Our best estimate of the total benefits of Medicare at the year of eligibility was around $9338 per person in 2010 prices and this fell to $1350 seven years subsequently when a client was around 72 years. To give some perspective on the size of these benefits, and to carry out the beginnings of a CBA, we can refer to the Medicare cost figures calculated by Zissimopoulos, Crimmins, and St.Clair (2015) , Medicare eligibility on their own outweigh the costs, at least for the first few years after eligibility. Moreover, Medicare eligibility has many other types of healthcare benefits, as exemplified by the morality reductions found by Card et al. These monetary benefits need to be added to our estimates. In addition, caregiver benefits have not been estimated in our study and these are also sizeable; one estimate has the benefits to caregivers of the complete prevention of AD at around $2275 per year. 8 With just these additional benefits estimates, the total benefits of Medicare eligibility 7 years after the age of 65 would amount to $3625, which covers around 55% of the annual cost of including dementia clients in Medicare.
From the Public Policy point of view, it is necessary that effective and worthwhile interventions for combatting dementia are identified. However, it is also very important to try to understand why and how any intervention, in our case Medicare eligibility, achieves its results. On this issue, the work by Card et al. provides some useful clues. To help explain why Medicare eligibility was so effective in reducing emergency mortalities, they point out that one cannot just focus on the number of persons who newly acquire health insurance when they turn 65 years of age. Although over 80% of the population enrolls in the Medicare programme within a few weeks of turning 65 years of age, much of this is crowdout from private insurance plans. The rise in the fraction of the people who at the age of 65 newly acquire health insurance is only 9 percentage points.
But, the fraction of the population with multiple policies (public and private) rises by 45 percentage points as those with private coverage pre-65 supplement their Medicare coverage. In either case, whether through new insurance or expanded coverage, the post-65 group are receiving more, and possibly higher quality, services than before and this is one explanation for how the success of Medicare eligibility in reducing mortality came about. Although we do not have any real evidence in the case of dementia, it is possible that not only patients but also caregivers are receiving better support services once they are eligible for Medicare in line with the rest of the post-65 population, and this may have led to the dementia symptoms reduction observed.
Nonetheless, we can add something to the Card et al. story that arises from the findings in our study by way of the second component in our benefits formula. To estimate how dependent living Li changed when dementia symptoms D was reduced, we estimated the person's utility function, which depended on Li and D and a set of controls Z. One of the controls was Medicare M. Thus, our estimate of the MRS between D and Li was conditional on the person being eligible for Medicare or not. We can see from Table 3 that M had a very strong, statistically significant, positive effect on the QoL of the patients (our negative proxy for utility using the GDS was reduced by M). Let us focus on L4 which was the most dependent living state. The reduction in D had a large impact on L4 and this led to large cost-savings. The MRS could have been so large because Medicare increased the QoL and this made it possible for the person to be more willing to accept a large amount of dependent living in exchange for any reduction in dementia symptoms that Medicare eligibility brought about.
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Author Manuscript Brent Page 20 Table 1 Definitions of all variables.
Variable Description
Medicare M Is the subject eligible for Medicare? Age ≥ 65 = 1; Age < 65 = 0. 
CDR-SB

Brent Page 21
Variable Description APOE (one copy) Number of Apolipoprotein E (APOE) copies. 1 = 1 copy of e4 allele; 0 = No e4 allele copy or 2 e4 allele. copies.
APOE (two copies)
Number of Apolipoprotein E (APOE) copies 1 = 2 copies of e4 allele; 0 = No e4 allele copy or 1 e4 allele copy.
Heart rate Subject's resting heart rate (pulse). Table 2 Descriptive statistics for all the variables. Table 3 Effect on GDS of CDR-SB and independence living. b Significance levels on ratios: *10%; **5%; ***1%, based on a non-linear Wald, chi-square test for the null that the ratio of two regression coefficients equals zero. z-Scores in parentheses.
Independence living level
Dependent variable with estimation technique
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